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Single vertebra 2D/3D registration with fusion of local and global features
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Abstract: Objective Precise pose estimation of intraoperative X-ray images relative to preoperative computed tomography
(CT) volumes is a fundamental aspect of 2D/3D registration, which is essential for improving the accuracy of medical analy-
sis and integration in various fields, including surgical planning, radiation therapy, and neural navigation. Traditional
methods can be divided into intensity- and feature-based approaches. In intensity-based methods, different ray-tracing

techniques are typically used to project 3D volumes for generating simulated 2D X-rays, which are known as digitally recon-
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structed radiographs (DRR). An optimizer is then employed to find the optimal spatial transformation that maximizes the
similarity between the DRR and the corresponding X-ray. Intensity-based methods can achieve high accuracy, but these
methods encounter some challenges, such as long registration time due to iterative pose search and the need for generating
numerous DRRs for similarity calculation. Moreover, iterative pose search relies on good initialization; otherwise, it may
converge to local maximization, which results in registration failure. Meanwhile, feature-based methods typically utilize
landmarks for matching to determine the spatial transformation, which can be specific points of anatomical structures or key
points. Alternatively, feature detection operators such as Harris, or segmentation can also be employed to extract features.
These methods extract features while filtering out a large amount of image information, which leads to higher computation
efficiency but lower accuracy than intensity-based methods. Recently, deep learning-based models have emerged as power-
ful tools for medical image registration. Their feature extraction capability has efficiently addressed the time-consuming
issue of traditional methods. The suitable network is designed to learn the feature representation that can describe the com-
plex mapping relationship between images and corresponding labels. This network directly regresses transformation param-
eters and avoids the need for extensive searching and sampling in the pose space. The intraoperative planar images of com-
plete spines cannot establish rigid correspondence with the preoperative CT, and existing registration algorithms commonly
face issues such as low registration and insufficient robustness when dealing with the complete structures of the spine. To
address the issue, we proposed a registration method that combines local detail features and global position features for 2D/
3D rigid registration in a single vertebra manner. Method Convolutional neural networks can enhance the ability of the
model to learn the shape, boundaries, and local structures of vertebra, while the Transformer uses the self-attention mecha-
nism to effectively capture global dependencies between images and extract key features of the vertebra. Therefore, by com-
bining the characteristics of both structures, we proposed a multi-stage dual-branch network to effectively extract local and
global features from single vertebra images for learning the relationship between features and spatial transformations. The
aim was to improve the performance of the regressor. In each stage, the local branch utilizes down-sampling operation and
stacked convolution blocks to capture details, edges, and other local information more effectively while reducing computa-
tional load. The global branch employs convolution-based patch embedding and multi-head self-attention mechanism to
capture the positional relationship between various features and reduce the interference of background in images. The fea-
ture fusion module, which is based on the channel and spatial attention mechanism, maps the features of different branches
to the same feature space and adaptively fuses local details and global contextual features at different stages, which
enhances the expressive ability of the model. Moreover, we progressively optimize feature representations in a coarse-to-
fine manner within the network to better capture relevant information. This approach improves the perceptual capability of
the network at various scales and levels. Finally, we incorporate auxiliary registration heads to predict pose parameters
from the multi-stage fused features, which enhances the supervision information available to network and helps the network
gradually optimize pose predictions during training. Ultimately, the final registration accuracy is improved. The input of
the network is a single grayscale low-dose X-ray image, and the output is the predicted pose parameters of 6 degrees of free-
dom (DoFs) , which are used to obtain the registered image by the projecting operation. Our network is implemented using
the PyTorch framework. The input images are resized to 128 X 128 pixels for training, the learning rate is set to 6e-5, and
the weight decay is 0. 05. The Adam learning procedure is accelerated using a NVIDIA GeForce RTX 3090 GPU device,
which takes approximately 6 h for 320 iterations. Result We compared our model with 5 state-of-the-art models on 30 simu-
lated datasets, including 3 iterative optimization-hased methods (OPT-GO, OPT-GC, and OPT-NGI) and 2 deep learning-
based methods (ResRegNet and EFbackbone-based). The quantitative evaluation metrics contained mean target registra-
tion error (mTRE) , mean absolute error (MAE) , and the registration time, and we provided several visualized registration
results of each method. Comparative experiments demonstrated that our model outperforms other methods on the single ver-
tebra datasets. The visualized results also indicate that the registered images have minimal pose deviation from the corre-
sponding target images and demonstrate good alignment, which prove that our proposed method can improve the accuracy
in the single vertebra 2D/3D image registration tasks. The average mTRE is 1. 40 mm, and the average MAE of 6Dok pose
parameters is 0. 008. Compared with the second-best method, our model reduces mTRE by approximately 2. 70 mm and

MAE by 0. 02. Furthermore, we conducted a series of ablation experiments and provided corresponding quantitative met-
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rics. These experiments clearly demonstrate the effectiveness of each module in our model, including the local branch,

global branch, dual-branch feature fusion module, and auxiliary registration heads. Conclusion In this study, we proposed

a dual-branch single vertebra 2D/3D registration model that contains feature fusion modules to integrate local and global fea-

tures, which improves the registration accuracy. Moreover, the auxiliary registration heads realized through the features at

different layers can enhance supervision information, which increases the stability of the registration model. The experi-

mental results show that our model outperforms several state-of-the-art registration methods and further enhances the regis-

tration performance.
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Fig. 3 Architecture of the DBFF module
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Fig. 4 The process of dataset synthesis
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Table 1 Registration performance with different

layer numbers in the model

R 25 mTRE/mm MAE k] /s
n=>3 1.78 0.012 5.16
n=4 1.38 0.009 5.23
n=>5 1.60 0.010 5.51

T L PR 5 8 R A2 2R
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Fig. 5 Registration results of single vertebra images with

different poses
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Table 2 Evaluation metrics for registration of different

network architectures

48] £ 235 Ay mTRE/mm MAE B Al /s
LB 1.91 0.015 3.83
GB 1.72 0.014 3.86
LB+ GB 1.78 0.013 3.90
LB + GB + DBFF 1.61 0.010 3.93
LGFF-Reg 1.40 0.008 3.95

T L P R 5 8 R A2 2R
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UCRFHE TN ) 8 A (EL 5 bR 28 2 1] B30 O 5 5 ) 265 vh
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PEATSCHG , BEFELATR 4 FhAS ] SR ms LI AG A [7) i 2
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Table 3 Registration evaluation metrics under different

loss function weight settings

A A, A, mTRE/mm  MAE
1.0 1.0 1.0 1.57 0.010
0.3 0.3 0.3 1.61 0.010
0.8 0.6 0.4 1.63 0.009
0.4 0.6 0.8 1.40 0.008
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(a) X-ray (b) OPT-GO (¢) OPT-GC
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(30)
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Fig. 6 Registration results of single vertebra images using different methods

((a) X-ray; (b) OPT-GO; (¢) OPT-GC; (d) OPT-NGI; (e) ResRegNet; (f) Zhang et al. , (2023); (g) LGFF-Reg(ours))
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Table 4 Evaluation metrics and time for images

registered by different methods

Ji i mTRE/mm  MAE Bl /s
OPT-GO 9.74 0.049 30.55
OPT-GC 6.92 0.032 25.47
OPT-NGI 8.17 0.041 30.84
ResRegNet 9.64 0.050 1.23
Zhang % A (2023) 4.09 0.030 1.58
LGFF-Reg(Z3C) 1.40 0.008 1.38
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Fig. 7 Real X-ray dataset
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Fig. 8 Registration results of single vertebra images
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